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1
ASSESSING PERFORMANCE OF A SYSTEM

This specification includes a computer program listing
appendix provided on CD-ROM as an ASCII text file named
‘MISSION.TXT’, created on May 26, 2016 and having a size
0t 16,000 bytes, which is incorporated herein by reference it
its entirety.

The present invention relates to assessing performance of a
system and a mission that involves the system.

Health Impact Assessment (HIA) concerns the understand-
ing of the current state of the health of a system and its impact
on the current and future capability, as well as the safety of the
goals of a mission that involves the system. This capability is
applicable for a range of domains and is particularly required
for autonomous and highly automated platforms where situ-
ational awareness is heavily reliant on sensor information.
Other example applications include networks, sensor sys-
tems, security, smart grids and fleet operations. The need for
systems to operate successfully and safely in a wide range of
unknown situations requires that systems are designed for
flexibility and resourcefulness and increases the requirements
for in-mission reasoning.

A challenging type of in-mission reasoning involves per-
ception of the world and planning of actions. Perception is
difficult because the data captured about the world by sensors
is typically indirect, incomplete and large. Understanding
current system state and planning of actions is complex
because prediction of the effects of any action typically
depends on a large set of unknown variables, temporal factors
and system configuration.

One approach to safe operation of a system is to intelli-
gently respond to in-mission component failures. Here, HIA
is important for successful and safe operations of complex
systems. Platform mission management is an example of a
complex system. A failure or combination of failures at sub-
system level results in a loss of capabilities and thus affects
the success of the phases and the planned mission. In general,
with complex systems subsystem component failures cause
capability losses. Missions involving piloted and unmanned
vehicles are examples of platform missions.

A mission can be modelled as a series of successive phases.
In addition to within-mission phases, at the end of each mis-
sion a maintenance opportunity may exist. FIG. 1 shows
schematically an example of phased missions 100, 101 of an
air-domain scenario, starting with the aircraft 102 taking off
104, performing climbing 106 and cruising 108 manoeuvres
before performing surveillance 110 and then descending 112
and landing 114. A maintenance operation 116 can take place
before the take-off phase 118 of the second mission 101
commences. During the mission, HIA needs to determine if
there are component failures, predict impact on the system’s
current and future capabilities and impact on the mission
plan.

The main known approach for piloted vehicles depends on
the perception and decision making skills of the pilots. Instru-
ments and warning lights support the perception of compo-
nent failures. The procedures in the normal, abnormal and
emergency checklists support the decision making. This
approach is highly dependent on the pilot. The complexity of
the systems makes the task difficult. A potential limitation of
the known pilot centric scenario is that there is no warning of
future problems. Usually the approach is limited only to
safety related issues.

HIA in the Autonomous Systems Technology Related Air-
borne Evaluation and Assessment (ASTRAEA 1.5) project
(see http://www.astraea.aero/) is an example of a known
approach with an unmanned system. This approach considers
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the measurements generated by sensors for diagnosis of the
subsystem components in automated manner. Separately, it
assesses the mission impact of the diagnosis. The diagnosis
and impact assessment modules are separated and the
approach ignores some of the coupling effects of the system
variables. This causes some modelling error in posterior
probability computation of the coupled system variables. A
limitation of this known unmanned approach is that it does
not use previous symptoms during the diagnosis. Addition-
ally, in uncertain situations the impact assessment can be
pessimistic (as possibility of multiple failures is overesti-
mated). This can result in false positives (false alarms) when
making decisions based on the posterior probabilities.

Predicting mission impacts is computationally challenging
because deduction is not possible, the impact model is com-
plex and the pre-computed rules are not possible. Deduction
is not possible because of unknown variable states. The exact
failure(s) are often unknown. Certain built in tests (BIT) are
only available in certain modes. In addition, future events are
unknown. The impact model is complex because reliability
fault trees which encode the impact depend on combination of
failures (for example redundancy) and many possible combi-
nations have to be considered. The fact that the effects propa-
gate through time creates even more possible combinations.
Pre-computed rules are not feasible because of the number of
rules required. The number of possible inputs to HIA in these
problems is very high due to the number of possible symptom
observations throughout a mission in addition the impact
logic can depend on system configuration.

US2007/0113235A1 relates to adaptive mission profiling.
FIG. 2 of that document shows a flowchart of a process for
generating an integrated mission model, in which operational
node models, human models and system models are inte-
grated. As mentioned in paragraph [0031], human activities
(human models) and system functions (system models) can
be mapped to operational activities (operational node mod-
els). These integrated mission models do not model system
behaviour in terms of the presence or absence of component
failure and the model is not in the form of discrete probabi-
listic graphical model.

US2007/0118502A1 discloses methods and systems for a
mission planning system for a fleet of assets. FIG. 3 of that
document shows a schematic data flow diagram of an exem-
plary fleet asset management system that may be used with
the fleet mission planning. As mentioned in paragraph [0021],
a mission model is configured to receive historical data and
threshold data from database. In the exemplary embodiment,
the mission model includes a route model to determine task
sequences. The life estimation model can determine life
remaining in the asset given the historical data received cor-
responding to the asset. The mission planning system is at
fleet of assets (i.e. fleet of vehicles) level. Thus, it can be used
as a high-level planning system. It does not model system
behaviour in terms of the presence or absence of component
failure and the model is not in the form of discrete probabi-
listic graphical model.

Embodiments of the present invention are intended to
address at least some of the problems discussed above.
Embodiments of the present invention provide a HIA that
uses a single combined model of the planned mission and is
designed and applied on the vehicle mission and mainte-
nance. The diagnosis part of the model can be combined with
the impact assessment part of the model. This single model
can be compiled before a mission.

According to a first aspect of the present invention there is
provided a method of assessing performance (e.g. by gener-
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ating probability data for use in such assessing) of a system
and a mission involving the system, the method including or
comprising:

receiving a combined model describing a system diagnosis
model that describes symptoms, failures and link strengths
(conditionals) of components/subsystems of the system, and
amission impact model, the mission impact model describing
effects of the system on an ability to perform the mission;

receiving observation data regarding a state of the system,
and

using the observation data in combination with the com-
bined model to generate probability data for use in assessing
performance of the system and the mission.

The observation data may be received from at least one
sensor. The combined model may indicate if a particular said
phase of the mission is affectable by a said subsystem/com-
ponent failure and a said subsystem/component symptom.
The combined model may be a hierarchical model in which a
top level represents the mission. A level below the mission top
level may represent at least one phase of the mission, wherein
successful performance of the at least one phase affects
whether or not the mission is successfully performed. A level
below the at least one phase level may represent at least one
capability of the system, wherein successful provision of a
said capability the affects whether or not the phase is success-
fully performed. A level below the at least one capability level
may represent a subsystem including at least one subsystem/
component, wherein successful functioning of the sub-
system/component affects whether or not a said capability is
successfully provided.

The method may include:

receiving diagnosis model data describing the symptoms,
the failures and the link strengths (conditionals) of the com-
ponents/subsystems of the system;

receiving mission impact model data describing eftects of
the system on the ability to perform the mission, and

processing the receiving diagnosis model data and the mis-
sion impact model data to produce the combined model.

The combined model data may be produced by compiling
the system diagnosis model data and the mission impact
model data into an Arithmetic Circuit.

The method may include:

computing a first prior probability of each said failure at
commencement of the mission;

computing a second priori probability of the failure from
the commencement of the mission to a said phase that the
combined model indicates is affectable by the failure, and

storing the computed second prior probability in the com-
bined model.

The prior probability of each failure at a beginning of the
mission can be calculated using a Mean Time Between Fail-
ure (MTBF) and subsystem/component cumulative operation
time before the commencement of the mission. The step of
using the observation data in combination with the combined
model may include performing inference to compute: poste-
rior probability of the mission failing, posterior probability of
a said phase of the mission failing; posterior probability of
said capability failing and/or posterior probability of a said
subsystem/component failing.

The combined model may be generated offline prior to the
receiving and the using of the observation data.

The system may include at least part of a vehicle, such as an
aircraft, which may be at least partially autonomous. The
generated probability data may be used to assess performance
of the system and the mission and a result of the assessment
may result in an action being performed, the action being
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4

selected from a set including: an alarm being triggered;
affecting a control of the vehicle; switching to a backup
system.

According to a further aspect of the present invention there
is provided a method of generating a combined model
describing a system diagnosis model and a mission impact
model, the method including or comprising:

receiving diagnosis model data describing symptoms, fail-
ures and link strengths (conditionals) of components/sub-
systems of the system;

receiving mission impact model data describing eftects of
the system on an ability to perform the mission, and

processing the receiving diagnosis model data and the mis-
sion impact model data to produce the combined model.

According to other aspects of the present invention there
are provided apparatus configured to execute methods sub-
stantially as described herein.

According to other aspects of the present invention there
are provided computer program elements comprising: com-
puter code means to make the computer execute methods
substantially as described herein. The element may comprise
a computer program product.

Whilst the invention has been described above, it extends to
any inventive combination of features set out above or in the
following description. Although illustrative embodiments of
the invention are described in detail herein with reference to
the accompanying drawings, it is to be understood that the
invention is not limited to these precise embodiments. As
such, many modifications and variations will be apparent to
practitioners skilled in the art. Furthermore, it is contem-
plated that a particular feature described either individually or
as part of an embodiment can be combined with other indi-
vidually described features, or parts of other embodiments,
even if the other features and embodiments make no mention
of the particular feature. Thus, the invention extends to such
specific combinations not already described.

The invention may be performed in various ways, and, by
way of example only, embodiments thereof will now be
described, reference being made to the accompanying draw-
ings in which:

FIG. 1 schematically illustrates phases of an example mis-
sion involving an aircraft;

FIG. 2 is a block diagram of a system configured to provide
HIA for a system and a mission involving that system;

FIG. 3 is a flowchart illustrating overall operation of the
HIA system, including combined model generation, Arith-
metic Circuit (AC) compilation and inference steps;

FIG. 4 is an example display showing an output of the HIA
system,

FIG. 5 illustrates node types used in a graphical model that
can be converted into a combined model for use by the HIA
system,

FIG. 6 is a graph illustrating a top part of an example
graphical model;

FIG. 7 is an example graph illustrating bottom up Failure
Modes and Effects Analysis (FMEA) of the graph of FIG. 6;

FIG. 8 is an example graph illustrating a combined model
generated from the graphs of FIGS. 6 and 7,

FIG. 9 is a flowchart illustrating steps performed during the
generation of the combined model based on a graphical
model,;

FIG. 10 is a flowchart illustrating steps performed during
the AC compilation step;

FIG. 11 shows a part of an example BN2NO model used
during generation of the AC;

FIG. 12 shows a sample portion of a combined graphical
model used in an experiment;
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FIG. 13 shows a separated graphical model used for com-
parison in the experiment, and

FIGS. 14 and 15 show inference results of the combined
and separated models, respectively.

Referring to FIG. 2, an example computing device 200 is
shown. The device includes conventional features of a com-
puting device, such as a processor 202, memory 204, com-
munications 206 and user interface 208, etc, which need not
be described herein in detail. The device is configured (e.g. in
the form of stored code executing on its processor) to provide
combined model generator 209 functionality; model com-
piler 210 functionality and model evaluator 212 functionality.
It will be appreciated that in alternative embodiments, some
of the components and/or functions of the computing device
could be distributed over two or more computing devices.

FIG. 3 is a flowchart that illustrates how the computing
device 200 is normally used. It will be understood that the
flowcharts shown herein are exemplary only and in other
embodiments some of the steps can be omitted and/or re-
ordered. The steps can be implemented using any suitable
programming language and data structures. At step 302 data
describing a combined system diagnosis and mission impact
model is received (or generated by the combined model gen-
erator 209). The combined model generated is used directly
as an input to compile a corresponding Arithmetic Circuit
(AC) at step 304 by the model compiler 210. Step 304 may be
performed “off line” so that the AC is ready for use later on.
The subsequent steps can be performed “online” using live/
real-time observation data. At step 306, the model evaluator
212 receives observations regarding the state of the system
(e.g. from at least one sensor (which may be on/in, or remote
from, the system) or user-inputted observation) and at step
308 performs inference computation on this observation data
using the AC. At step 310 the resulting probability values are
output and can, for example, be displayed and/or used as
described below.

The computing device 200, or another computing device
provided with the output, can display the output 310. The
output can include: the posterior probability of the mission
failure, phase failure, capability failure and/or component
failures. It may also display the observed symptoms. FIG. 4
shows an example output display, although it will be under-
stood that many variations in its presentation (graphically
and/or textually) are possible. In the example, the first line
402 gives posterior probability of the mission failure. Here,
the mission status is indicated as “Fail” or “Pass”. The second
line 404 is reserved for the mission phases. A mission phase
will succeed if the required capabilities are available and the
previous phases succeeded. The graph in 404 presents bar
charts of the posteriors within the mission phases. The phases
are separated by vertical lines. The third line 406 shows the
posterior graphs of the phase failure conditions which encode
if the required capabilities are available for each phase. The
fourth line 408 corresponds to the posterior graphs of the
capability (task) failures. The fifth line 410 presents to the
posterior graphs of the component failures. The last set of
lines 412 displays the symptom observations (The prefix +
indicates presence; — indicates absence). In this example,
symptoms “S5_EO_Sensorl_No_Response”,
“S6_EO_Sensor2_No_Response” and
“S7_Sensor_Management_Warning” are present at phase 3.
The posterior probability of the component failures
“F4_EO_Sensorl_Failure” and “F5_EO_Sensor2_Failure”
are high within and after phase 1 and phase 3, respectively.
The capability “task4_Surveillance” is expected to be lost at
phase 4. Here, the fourth phase of the mission is predicted to
fail and thus the mission is expected to fail.
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The probability data output at step 310 may be used to
directly control at least one item of hardware (not illustrated)
external to, or in communication with, the computer device
200. The health assessment system implemented by the com-
puter device can assess the failure of components at the cur-
rent and future mission phases, loss of required capabilities,
high level failure of planned mission phases, and high level
failure of the mission plan. As mentioned above, these assess-
ments can be based on measurements/observations received
from hardware sensors installed on a vehicle for example an
aircraft. In some embodiments, the sensor measurements can
be compared to at least one threshold to yield discrete states
which are combined to form symptoms which are used as
input to the health assessment. These types of assessments
can be used to set an appropriate alarm which could be dis-
played or provided to an operator or a mission system of a
vehicle, such as an autonomous air vehicle (e.g. if the system
determines that an important system component is likely to
fail and have a detrimental effect on the mission). Further, if
the assessment indicates to the system that a failure of a
component or loss of a required capability is likely then this
could be used to affect a control system, for example, auto-
matically switch to a backup system. The assessed failure of
a planned mission phase could initiate separate automatic
re-planning system, which can affect the control of the
autonomous vehicle, or the assessment could be used to indi-
cate to an operator that re-planning is required. Missions are
modelled with reference to a reusable library of model files.
The known Open Systems Architecture for Condition-Based
Maintenance (OSA-CBM) is adopted in the present embodi-
ment as a standard structure for the on-line communications.
According to the OSA-CBM, top down system levels are
“Presentation”, “Decision Support”, “Prognostics™, “Health
Assessment”, “State Detection”, “Data Manipulation™ and
“Data Acquisition”. In the present embodiment, HIA models
have the “mission” modules which correspond to the “Deci-
sion Support”; “phase” and “capability” modules which cor-
respond to the “Prognostics”; and “subsystem” modules
which correspond to the “Health Assessment”. Hierarchi-
cally, the mission module is at the top level, followed by the
phase module, the capability module and then the subsystem
modules. Impact assessment covers the “mission” and
“phase” modules, whilst capability assessment covers the
“capability” modules; and diagnosis covers the “subsystem”
modules.

In the present embodiment, a combined mission model
approach is used because this avoids the modelling assump-
tions of separated/chained models. This approach combines
impact assessment, capability assessment and diagnosis. The
graphical model used as the basis for the combined model can
consist of basic nodes and gates. Examples of these are shown
in FIG. 5: AND gate 502; OR gate 504; LEAF node 506;
NOISY-OR node 508; NOT gate 510 and MISSION-PHASE
node 512.

A variable represented by an AND node 502 fails when all
of'the inputs associated with it fail. A variable represented by
an OR node 504 fails when one of the input variables associ-
ated with it fails. LEAF nodes 506 are the top nodes which do
not have inputs in the graphical model. Component failures
are examples of this type of nodes. A NOISY-OR node 508 is
a special form of node widely used in Bayesian Networks.
This node has link strengths (conditionals) in-between the
inputs and the node. Symptoms are examples of this type of
node. The NOISY-OR node also has an optional input named
as ‘leak’. A symptom-leak is a probability for a symptom: the
probability that the symptom will be observed given that none
of the modelled failures are present. Another special form of
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node is employed for considering the probabilities of success
of the previous inputs and the probability of failure of the
current input variable. This special node is called the MIS-
SION-PHASE node 512. It consists of NOT gates 510 corre-
sponding to the previous inputs and an AND gate. A variable
represented by a MISSION-PHASE node fails when all of the
previous inputs associated with it pass (not fail) and the
current input fails.

In the graphical model, the MISSION-PHASE nodes 512
appear between the PHASE nodes and the MISSION node,
where the MISSION node is an OR node representing the
overall mission. Thus, the failure of the overall mission
depends on the failure of any MISSION-PHASE node vari-
ables. Failure of a MISSION-PHASE node depends of the
success of the previous phases and failure of the current
phase.

Top down analysis, Fault Tree Analysis (FTA), of the mod-
els deals with the impact assessment and capability assess-
ment aspect of the model. In order to illustrate the high-level
dependencies, reference is made to the phased mission given
in FIG. 1 as an example. In this example, the fourth phase of
the mission is “Surveillance (P4)”. In order to illustrate the
detail of the dependencies of this phase, the top part of a
corresponding sample model is shown in FIG. 6. The mission
node 600 has a dependent mission-phase node 602 (“M4”)
and dependent phase nodes of this node include “Take Off
(P1)” node 604 and the “Surveillance (P4)” node 606. Node
606 has the dependent capabilities or tasks of “Cruise (T3)”
node 608 and “Surveillance (T4)” node 610. Here, the “Sur-
veillance (T4)” task has the subsystem or component failures
of “EO1_Failure (F4)” node 612 and “EO2_Failure (F5)”
node 614.

Bottom up analysis (using FMEA) of the models deals with
diagnosis aspects. FIG. 7 illustrates the bottom up analysis on
a sample part of the model of FIG. 6. Here, sensor failures
have symptoms “S5” node 702, “S6” node 704 and “S7” node
706. The symptom “S7: EO Warning” is a common symptom
for both of the failures 612 and 614. In the present embodi-
ment, the top down aspects and the bottom up aspects are
combined into one model. In addition, symptoms from pre-
vious time steps are also used for diagnosis. FIG. 8 shows the
combined view, a sample part of the mission model.

FIG. 9 is a flowchart that illustrates how the combined
model generation step 302 can be implemented. The com-
bined model will be generated for separate subsystem diag-
nosis models, capability models and phased-mission models.
The combination may be achieved by the example steps
shown in FIG. 9 in an automated manner using the combined
model generator module 209. Generally, a user creates a
model of each subsystem of the system and the combined
model generator combines this with related capability and
phased-mission models. The process is performed for each
subsystem modelled. The user can prepare the subsystem
diagnosis model either by using a tool, such as the Intelligent
Fault Diagnosis Toolset produced by BAE Systems, or manu-
ally using a graphic/text editor or the like. The combined
model generator module 209 generates the combined model
considering the input files and the corresponding module
definition files. The combined model includes the mission,
mission phases, phased capabilities and phased symptoms/
failures.

At step 901 the combined model generator module 209
reads the header of a data file representing the mission to be
performed. Users can produce files (e.g. in XML format) for
each phased mission and the capability dependencies can be
described in such files. Example content of a file for the first
mission 100 illustrated in FIG. 1 is given below. This high
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level mission input file includes the mission header (step 901)
and the mission-phase identities (see step 902 below).

<?xml version="1.0" encoding="UTF-8"?>
<BooleanLogicDefinitions>
<definitions>
<def id="mission” type="or" tag="“mission”>
<ref id="phasel_ TakeOff’/>
<ref id="missionphase2_ Climb”/>
<ref id="missionphase3_ Cruise”/>
<ref id="missionphase4__Surveillance™/>
<ref id="missionphase5_ Cruise”/>
<ref id="missionphase6__Surveillance™/>
<ref id="missionphase7__ Cruise”/>
<ref id="missionphase®_ Descend”/>
<ref id="missionphase9_ Land”/>
</def>
<def id="missionphase2_ Climb” type="nand-and”
tag="“missionphase’”>
<ref id="phasel_ TakeOff’/>
<ref id="phase2_ Climb”/>
</def>
<def id="missionphase3__Cruise” type="nand-and”
tag="“missionphase’”>
<ref id="phasel_ TakeOff’/>
<ref id="phase2_ Climb”/>
<ref id="phase3__Cruise”/>
</def>
<def id="missionphase4__ Surveillance” type=“nand-and”
tag="“missionphase’”>
<ref id="phasel_ TakeOff’/>
<ref id="phase2_ Climb”/>
<ref id="phase3_ Cruise”/>
<ref id="phase4_ Surveillance™/>
</def>
<def id="missionphase5_ Cruise” type="nand-and”
tag="“missionphase’”>
<ref id="phasel_ TakeOff’/>
<ref id="phase2_ Climb”/>
<ref id="phase3__Cruise”/>
<ref id="phase4_ Surveillance™/>
<ref id="phase5__ Cruise”/>
</def>
<def id="missionphase6__Surveillance” type=“nand-and”
tag="“missionphase’”>
<ref id="phasel_ TakeOff’/>
<ref id="phase2_ Climb”/>
<ref id="phase3_ Cruise”/>
<ref id="phase4_ Surveillance™/>
<ref id="phase5__ Cruise”/>
<ref id="phase6__Surveillance™/>
</def>
<def id="missionphase7__Cruise” type="nand-and”
tag="“missionphase’”>
<ref id="phasel_ TakeOff’/>
<ref id="phase2_ Climb”/>
<ref id="phase3__Cruise”/>
<ref id="phase4_ Surveillance™/>
<ref id="phase5__ Cruise”/>
<ref id="phase6__Surveillance™/>
<ref id="phase7_ Cruise”/>
</def>
<def id="missionphase8_ Descend” type="nand-and”
tag="“missionphase’”>
<ref id="phasel_ TakeOff’/>
<ref id="phase2_ Climb”/>
<ref id="phase3__Cruise”/>
<ref id="phase4_ Surveillance™/>
<ref id="phase5__ Cruise”/>
<ref id="phase6__Surveillance™/>
<ref id="phase7_ Cruise”/>
<ref id="phase8_ Descend”/>
</def>
<def id="missionphase9_ Land” type="“nand-and”
tag="“missionphase’”>
<ref id="phasel_ TakeOff’/>
<ref id="phase2_ Climb”/>
<ref id="phase3_ Cruise”/>
<ref id="phase4_ Surveillance™/>
<ref id="phase5__ Cruise”/>
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-continued

<ref id="“phase6__Surveillance™/>
<ref id="phase7_ Cruise”/>
<ref id="phase8_ Descend”/>
<ref id="“phase9_ Land”/>
</def>
</definitions>
<modules>
<mod id="phasel_ TakeOff” duration="60"/>
<mod id="phase2_ Climb” duration="300"/>
<mod id="phase3_ Cruise” duration="600"/>
<mod id="phase4__Surveillance” duration=*300"/>
<mod id="phase5_ Cruise” duration="600"/>
<mod id="phase6__Surveillance” duration="*300"/>
<mod id="phase7_ Cruise” duration="600"/>
<mod id="phase®_ Descend” duration="300"/>
<mod id="phase9_ Land” duration="60"/>
</modules>
</BooleanLogicDefinitions>

At step 902 mission phase modules in the header are iden-
tified. Step 903 marks the start of'a loop of steps performed for
each identified phase module, which can be stored in another
file. Example file content for phase 4 (surveillance) of the
mission 100 is given below:

<?xml version="1.0" encoding=“UTF-8"?>
<BooleanLogicDefinitions>
<definitions>
<def id="phase4 Surveillance” type="or” tag="phase”>
<ref id="task3_ Cruise”/>
<ref id=*task4__Surveillance”/>
</def>
</definitions>
<modules>
<mod id="task3_ Cruise”/>
<mod id="task4_ Surveillance™/>
</modules>
</BooleanLogicDefinitions>

Following step 903, at step 904 each new (i.e. one that
hasn’t been processed by this routine already) task/capability
module in the phase module being processed is identified and
control passes to step 906, which marks the start of a loop
performed for each identified capability module. Example
file content for the surveillance task 4 of the mission 100 is
given below:

<?xml version="1.0" encoding="UTF-8”?>
<BooleanLogicDefinitions>
<definitions>
<def id="task4__Surveillance” type="and”
description="Surveillance” tag="task™>
<ref id="F4__EO__Sensorl__Failure”/>
<ref id=“F5__EO_ Sensor2_ Failure”/>
</def>
</definitions>
<modules>
<mod id="Model1ForDiagnosis™/>
<mod id="Model2ForDiagnosis™/>
<mod id="Model3ForDiagnosis™/>
</modules>
</BooleanLogicDefinitions>

After step 906, control passes to step 907, where subsystem
diagnosis modules in the capability module being processed
are identified. Example file content for a subsystem diagnosis
of the mission 100 is given below:
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<?xml version="1.0" encoding="UTF-8"?>
<BooleanLogicDefinitions>
<definitions>
<def id="S5__EO__Sensorl_ No_ Response” type="noisy-or”
leak="*1E-5" description="EO Sensorl does not give response”
tag="symptom”>
<ref id="F4__EO__Sensorl__Failure” link="0.9999"/>
</def>
<def id="S6__EO__Sensor2_ No_ Response” type="noisy-or”
leak="*1E-5" description="EO Sensor2 does not give response”
tag="symptom”>
<ref id="F5__EO__Sensor2_ Failure” link="0.9999"/>
</def>
<def id="S7__Sensor_ Management_ Warning” type="noisy-or”
leak="*1E-5" description="Sensor management warning is on
for more than 20 seconds” tag="symptom”>
<ref id=“F4__EO_ Sensorl_ Failure” link=%0.9999/>
<ref id="F5__EO__Sensor2_ Failure” link="0.9999"/>
</def>
</definitions>
<variables>
<var id="F4__EO__Sensorl__Failure” mtbf="6.1317E+8”
opTime="61320" distribution="1" description="EO Sensorl
failure” tag="failure”/>
<var id=“F5__EO_ Sensor2_ Failure” mtbf="6.1317E+8”
opTime="61320" distribution="1" description="EO Sensor2
failure” tag="failure”/>
</variables>
</BooleanLogicDefinitions>

Step 908 marks the start of a loop for each identified sub-
system. Control passes from step 908 to step 910 where the
new failure identified with the subsystem module being pro-
cessed is identified. Step 912 marks the start of'a loop for each
identified failure (e.g. F4_EO_Sensorl_Failure in the
example above). After step 912, control passes to step 914.
The “initial parameter” of each failure, i.e. the prior probabil-
ity of each failure at the beginning of the mission, is calcu-
lated at step 914. This can be calculated using the Mean Time
Between Failure (MTBF) and the component cumulative
operation time before the current mission. Step 916 marks the
start of a loop for each phase. After step 916, control passes to
step 918 where for each phase, these “parameters” (i.e. the
prior probabilities of the failures) are revised considering the
time from the beginning of the mission to the phase of inter-
est. Thus, step 916 marks the start of a loop for each phase in
the failure module and at step 918 the parameters considering
phase duration are calculated. Control then passes to step 920.

After step 908, control passes to step 922, where new
symptoms in the subsystems are identified. Step 924 marks
the start of a loop performed for each identified symptom.
From step 924, control passes to step 926, which marks the
start of a loop performed for each phase in the symptom being
processed. From step 926, control passes to step 928, which
sets the symptom parameters. These parameters are the link
strengths (conditionals) between the failures and symptoms,
and the symptom leak probabilities identified in the sub-
system diagnosis model. After steps 918 and 928 have been
completed, control passes to step 920, where component fail-
ure and symptoms at phases are tagged. The component fail-
ures and symptoms are tagged considering their validity at a
phase or up to the end of a phase. In order to create the tags,
two postfixes are added at the end of the failure name or
symptom name: the first postfix indicating the previous
phase, and the second postfix indicating the current phase. To
illustrate, in a sample scenario, the postfix of a sample tagged
symptom, S5_EO_Sensorl_No_Response 2 3, indicates that
it covers the time at phase 3. Similarly, in the sample scenario,
the postfix of a sample tagged (failure,
F4_EO_Sensorl_Failure 0 3, indicates that it covers the time
up to end of phase 3.
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From step 920, control passes to step 930, where defini-
tions of the phased symptoms and failures are generated.
Control also passes to step 930 after no more new subsystem
diagnosis modules are identified at step 907. After step 930,
control passes to step 932, where definitions for the phased
capabilities are generated. Control also passes to step 932
after no more new capability modules are identified at step
904. From step 932, control passes to step 934, where defi-
nitions for mission phases are generated. Control also passes
to step 934 after no new mission phase modules are identified
at step 902. From step 934, control passes to step 936, where
the combined mission model is generated and stored. The
contents of an example combined mission data file are pro-
vided in the accompanying computer program listing appen-
dix on a CD-ROM in MS-Windows, IBM PC/XT/AT com-
patible format as an ASCII text file named ‘MISSION.TXT’
(portion also shown schematically in FIG. 8):

FIG. 10 is a flowchart illustrating steps that can be per-
formed at step 304 of FIG. 3, when the model compiler 210
converts the combined model data into an Arithmetic Circuit
(AC) that can be used to produce probability values by the
inference process performed by the model evaluator 212 at
step 308. Inference is a key task for perception and planning.
In the present embodiment, inference is computation of the
posterior probabilities of the subsystem component failures,
capabilities and phases of the missions given some evidence.
The background to the approach to inference is given below.

Probability theory provides a framework for solving diag-
nosis problems. Graphical models (aka Bayesian networks)
are a convenient language for encoding the causal relation-
ships between failures (causes) and symptoms (effects) for
diagnosis tasks. A restricted form of Bayesian networks with
2 layers and conditional probabilities which follow the noisy-
or model (BN2NO) has been used with success to model
diagnosis problems in the academic literature (see Hecker-
man D. (1990), A Tractable Inference Algorithm for Diag-
nosing Multiple Diseases, Uncertainty in Artificial Intelli-
gence 5, Elsevier, 163-171 or Jaakkola T., Jordan M 1. (1999),
Variational probabilistic inference and the qmr-dt database,
Journal of Artificial Intelligence Research). Inference on
BN2NO models can be used to perform vanilla diagnosis
(configuration insensitive and single point in time). Exact
inference can be performed in run time exponential in the
number of present symptoms using the Quickscore algorithm
(see the Heckerman article referenced above). Approximate
inference trades accuracy for runtime and can be performed
using variational inference for BN2NO. However, configura-
tion sensitive diagnosis and incorporating symptom evidence
over time cannot be adequately addressed with a BN2NO
model, and so the present inventors proposed that they can be
addressed by performing inference on a graphical model that
is more general than BN2NO. Specifically, these tasks can be
modelled by multi level generalisation of BN2NO; multi
level Boolean noisy-or networks (BNNO).

The BNNO model is a strict superset of the BN2NO model.
The present inventors’ approach has been to attempt to find
approaches which perform well on BN2NO, but can also be
used to perform inference on BNNO. Generalisations of state
of the art BN2NO algorithms are considered as strong solu-
tions, these are approaches which reduce to state of the art
BN2NO algorithms when applied to 2 layer networks.

A joint expression can be encoded by building a Boolean
logic theory which encodes the terms in the joint expression.
A number of approaches propose to translate the BNNO
model into Boolean logic, then to automatically factorise the
resulting Boolean logic. These approaches can then automati-
cally recover the equivalent of the Quickscore factorisation
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and also achieve generalisations of Quickscore to multi layer
models. Inference can be performed by Weighted “Model”
Counting (WMC). The term “model” means an instantiation
of all of the variables where the instantiation is consistent
with the “theory”. “Theory” in the terms of the present inven-
tors means the logical encoding of the BNNO model. The
encoding is constructed such that there is exactly one “model”
for each term in the likelihood expression (encoded by the
graphical model). When appropriate weights are applied the
sum of weighted “models” is equal to computing the sum of
the terms in the likelihood expression. Within a joint prob-
ability table, there is a row for every possible instantiation of
the variables; a “model” corresponds to any row where the
row probability is non-zero. A cut set assigns true or false to
all variables for a fault tree it is therefore the same as a
“model”. (An implicant is a set of literals which can be
encoded as an assignment of true or false to a subset of
variables and is therefore not exactly the same as a “model”.)

The BNNO model is encoded into a Boolean logic
“theory”. For example, Li W., van Beek P., Poupart P. (2008).
Exploiting causal independence using weighted model
counting. In Proceedings of the AAAI National Conference
(AAAI) describes encodings for BNNO. Chavira M., Allen
D., Darwiche A. (2005), Exploiting evidence in probabilistic
inference, Proceedings of the 21st Conference on Uncertainty
in Artificial Intelligence (UAI), pp. 112-119 describe an
encoding for any graphical model. The present inventors
determined that a compilation approach was expected to pro-
vide faster and more straightforward on-line inference (at the
cost of off-line compilation process). They considered
approaches which compile the CNF and then perform WMC
on the compiled structure. Ordered Binary Decision Dia-
grams (OBDD) and deterministic, decomposable negation
normal forms (d-DNNF) were also considered as two pos-
sible compiled structures (target languages for the compiler).
A literature survey performed by the inventors concluded that
the sd-DNNF approach should be implemented. The Boolean
logic encoding of the BNNO is compiled to a restricted form
of logic, called smooth deterministic Decomposable Nega-
tion Normal Form (sd-DNNF), which enables efficient infer-
ence. A Generation 2 compiler (see Darwiche A. (2002). A
compiler for deterministic, decomposable negation normal
form, AAAI-02 Proceedings, AAAI (www.aaai.org), 627-
634) was implemented within embodiments of the present
system.

Returning to FIG. 10, at step 1002, combined model data is
received (this could be model data that has been generated
using the process of FIG. 9). At step 1004, a Conjunctive
Normal Form (CNF) encoding of the combined model data is
produced. An example will now be given to illustrate how this
conversion can be performed. FIG. 11 shows a part of a
BN2NO model for one symptom (S1) 1102 and two failures,
F1 (1104) and F2 (1106). The conditional probability distri-
bution relating the failures to the symptom follows the noisy-
or model. The noisy-or causal model has been expanded so
that its local structure is evident in the graphical model struc-
ture following (see Chavira M., Darwiche A. (2008). On
probabilistic inference by weighted model counting, Artifi-
cial Intelligence, 172(6-7), April 2008, 772-799). The
expanded model suggests an encoding for noisy-or nodes that
is similar to the encoding given in (see Li W., van Beek P,
Poupart P. (2008). Exploiting causal independence using
weighted model counting. In Proceedings of the AAAI
National Conference (AAAI). This expansion introduces the
“C” condition and “A” auxiliary variables. The noisy-or
model states that a failure will cause a symptom only when
the condition variable is true, the condition variable may be
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interpreted as a physical system or environmental state such
as “ambient temperature above 30 degrees”. In the expanded
model the auxiliary variable is an AND gate and the symptom
variable is an OR gate.

An indicator variable, I, is introduced for each value of
each variable. The indicator variables can be set so that the
expression evaluates to any likelihood (probability of a set of
evidence) which is equivalent to summing a subset ofthe joint
probability table. A parameter variable, P, is introduced for
each value of each root variable. In Table 1 below, the first two
rows generate clauses for each variable in the graphical model
and the third row generates clauses for every root node.

TABLE 1

General Clauses

Description Logic

Each variable is either true or false,
therefore one of its two indicator
variables must be true

LVI

A variable can not be true and false,
therefore the two indicator values
cannot both be true

LA =LVE

When an indicator variable appears in
a “model” so does its parameter value,
this is required to make WMC

equivalent to computing the likelihood

LoP=
L-P.P L=
LVP:

P VL

In Table 2 below, the first row generates clauses for every
failure symptom link and the second row generates clauses
for every symptom. The second row gives the clauses for an
example with two failures; the generalisation to any number
of failures is straightforward.

TABLE 2

Noisy-Or Clauses

Description Logic

The auxiliary variable is an AND gate I o pALe >
I4 o Ip Ale
I Ale - 14 =
T VIDAT VI
IFVIc VI,
The symptom variable is an OR gate Is ©Ls VI >
Is & Ly Vi
Iy Vigp - =
I VI Ve

Tar VIH A T2 VIs)

The conjunction of the clauses from the logic columns in
Table 1 and Table 2 forms the CNF encoding of the BNNO.
The CNF encoding has the property that every “model” cor-
responds to a term in the joint likelihood expression.

At step 1006, a complied smooth deterministic decompos-
able negation normal form (sd-DNNF) form of the CNF
encoding produced at step 1004 is created. The compiled
form, sd-DNNTF, is a specific and restricted form of logic that
enables efficient inference. As mentioned above, a Genera-
tion 2 complier can be used. A number of published algo-
rithms can be used to perform this step, e.g. Chavira M.,
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Darwiche A. (2008). On probabilistic inference by weighted
model counting, Artificial Intelligence, 172(6-7), April 2008,
772-799. Also, there are alternatives such as OBDD compil-
ers. e.g. BDD for Reliability Studies, A. Rauzy, InK. B. Misra
ed., Handbook of Performability Engineering. Elsevier. pp
381-396, 2008.

At step 1008, an AC based on the sd-DNNF is produced
and stored for later use in inference. This conversion can be
performed using the techniques described in the abovemen-
tioned Chavira and Darwiche (2008) article, for example. The
compiled AC is the output of the model compiler 210 and the
model evaluator 212 takes this compiled AC and observations
as its inputs, performs inference (e.g. as described in the
abovementioned Chavira and Darwiche (2008) article; an
example of a suitable software tool for executing the method
is ACE, see http://reasoning.cs.ucla.edu/ace/) and then pro-
vides the posterior probabilities of failures of the mission
phases, capabilities, and subsystem components.

As a mission progresses through time, failures may occur
and subsequently symptom evidence can become available.
Symptoms may be hidden in certain system states; for
example, the symptom “WHEN radio on, no sound from
speaker” is unobservable when the radio is off. This situation
means that it makes sense to observe or collect symptom
evidence over time. A symptom is a chosen observable fea-
ture or pattern which is caused by, and helps to isolate, a
failure. Symptoms can involve observing measurements over
time for example to determine a trend (e.g. pressure is
increasing). The non-replacement model is adopted; a failure
occurs at a certain time and remains present. A mission can be
decomposed into phases. Within each phase certain capabili-
ties/resources are required. Within the filtering literature there
are 3 types of tasks which are performed given all previous
measurements:

Estimating the current state (Filtering)

Predicting a future state (Prediction)

Estimating a past state (Smoothing)

The present embodiment is concerned with estimation of
the current state for the presentation of failed components.
Prediction of future loss of capability is a key task (although
prediction of future component failures is not the main focus).
Estimation of a past state with current measurements is useful
for presenting the (best estimate of the) sequence of failure
events which have occurred (so far) during a mission. In the
present system, the sequence of the failures has been explic-
itly captured in terms of the mission phases. This approach
can distinguish between the order of failures but leads to
larger graphical model, which are therefore harder to use for
inference. This approach is able to estimate past states in
previous phases. This is combined with multi phase impact
assessment. On the other hand, it is unable to distinguish the
order of failures within a single phase.

The bottom part of the sample graphical model part in FIG.
8 illustrates the incorporation of evidence during a mission.
As an example, the posterior probability of failure “F4” up to
phase “P5” depends on the posterior probability of “F4” up to
phase “P4” and the one at phase “P5”. Within this model
symptoms observed in different phases are incorporated in to
the assessment during the mission.

The inventors now present the results of an experiment that
shows the benefit of the combined model approach. In previ-
ous ASTRAEA work, diagnosis and impact assessment were
implemented as separate software modules, diagnosis passed
the marginal failure probabilities to the impact assessment
module and no information was passed in the opposite direc-
tion. In contrast, the present approach uses a combined mis-
sion model. The diagnosis module is combined with the
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impact assessment module. This single model can be com-
piled before a mission. The aim of the integrated scenario
experiments is to study the suitability of the selected approach
in more realistic scenarios; these scenarios necessarily
involve larger models than the first type of experiment. Here,
the approach to health management is integrated with other
components to form an integrated on-board system exercised
against a simulated vehicle in a simulated world. Two plat-
form types and two mission types have been studied. These
are land and air scenarios.

A simple scenario was implemented which was designed
to highlight the effects of using a combined model. First, a
combined graphical model of the scenario is constructed
(GM1) and it is compiled to an arithmetic circuit, AC1. Then,
the impact assessment (GM1-a) and diagnosis (GM1-b) parts
of'the model are separated and they are compiled to arithmetic
circuits, AC1-a and AC1-b, respectively. A sample portion of
the combined graphical model, GM1, is illustrated in FIG. 12.
In the scenario, the probability of failure of a sample capabil-
ity (T4: Surveillance) has been investigated:

The task T4 has two failure modes: F4: EO1_Failure; F5:
EO2_Failure. The joint failure of F4 and F5 leads to the
capability loss.

The diagnosis module of the scenario considered three
symptoms: S5: No_Response_from_EO1; S6: No_Re-
sponse_from_FEO2; and S7: EO_Warning. Here, S7 is a
common symptom for F4 and F5.

The graphical models (GM1-a and GM1-b) of the sepa-
rated model is given in FIG. 13. In the combined model, the
capability depends on the coupling of the failures, F4 and F5,
with the symptoms. However, in the separated model, the
coupling is hidden to the capability. Firstly, the prior prob-
ability values of the failures are assigned, and then the com-
bined and separated models are compiled. In the experiment,
the probability of failure of the capability, T4, has been inves-
tigated given the observation of the symptom: S7: True. This
observation was applied on the compiled models and then the
inference results were recorded. The conventional notation of
fault trees was used in definition of posterior probabilities.
The posterior probability values of the task and failures were
obtained as follows:

TABLE 3
Posterior probabilities obtained in the approaches
Posteriors Combined Approach Separated Approach
P(T4) 4.76E-05 0.227
P(F4) 0.476 0.476
P(F5) 0.476 0.476

To verify these results, these systems are modelled using
another exact inference tool: Netica by Norsys Software
Corp. The inference results of the separated and combined
models are given in FIG. 14 and FIG. 15, respectively. These
results are equal with the results obtained by the HIA infer-
ence.

Considering the coupling of the failures with the symptoms
and considering the observation: S7: True, the probability of
failure of the capability, T4, should be low. The combined
approach gave a lower posterior probability for the capability
failure when compared with the one in the separated approach
because it took the coupling effect into account. However, in
the separated model, the redundancy of the system was hid-
den to the capability assessment. This fact resulted in model-
ling errors from the separated model. On the other hand, the
drawback of the combined approach can be the relatively
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longer compilation time for large scale system models when
compared with the one in separated approach. Compilation is
a batch mode operation and in general it is performed before
the mission starts. Within the mission, inference is performed
and the inference time is typically much lower than the com-
pilation time.

The invention claimed is:

1. A computer-implemented method of assessing perfor-
mance of avehicle system and a mission involving the vehicle
system, the method including:

receiving, by a processor, a sensor signal generated by a

sensor, the sensor signal representing an operational
state of a component of the vehicle system;
receiving, by the processor, a single combined model
describing a system diagnosis model that describes
symptoms, failures, and link strengths (conditionals) of
the component of the vehicle system, and a mission
impact model, the mission impact model describing
effects of the component of the vehicle system on an
ability of the vehicle system to perform the mission;

generating, by the processor, probability data representing
a probability of a failure of the component affecting the
ability of the vehicle system to perform the mission by
applying the sensor signal to the single combined model;
and

generating, by the processor, a control signal for control-

ling the vehicle system based on the probability data.

2. A method according to claim 1, wherein the sensor signal
is one of a plurality of sensor signals, each sensor signal
received from at least one sensor, and wherein each sensor
signal is applied to the single combined model to generate the
probability data.

3. A method according to claim 1, wherein the single com-
bined model indicates if a particular phase of the mission is
affectable by at least one of the failure of the component and
a symptom of the component.

4. A method according to claim 1, wherein the single com-
bined model further comprises a hierarchical model in which
a top level represents the mission.

5. A method according to claim 4, wherein a level below the
mission top level of the hierarchical model represents at least
one phase of the mission, wherein successful performance of
the at least one phase affects whether or not the mission is
successfully performed.

6. A method according to claim 5, wherein a level below the
atleast one phase level represents at least one capability of the
vehicle system, wherein successful provision of a said capa-
bility affects whether or not the phase is successfully per-
formed.

7. A method according to claim 6, wherein a level below the
at least one capability level represents the component,
wherein successful functioning of the component affects
whether or not a said capability is successtully provided.

8. A method according to claim 7, wherein generating the
probability data includes performing inference to compute at
least one of: posterior probability of the mission failing, pos-
terior probability of a said phase of the mission failing; pos-
terior probability of said capability failing, and posterior
probability of a said component failing.

9. A method according to claim 1, further including:

receiving diagnosis model data describing the symptoms,

the failures, and the link strengths (conditionals) of the
component;

receiving mission impact model data describing eftects of

the system on the ability to perform the mission; and
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processing the receiving diagnosis model data and the mis-
sion impact model data to produce the single combined
model.

10. A method according to claim 9, wherein the single
combined model is produced by compiling the system diag-
nosis model data and the mission impact model data into an
Arithmetic Circuit.

11. A method according to claim 10, further including:

computing a first prior probability of each said failure at

commencement of the mission;

computing a second priori probability of the failure from

the commencement of the mission to a said phase that
the combined model indicates is affectable by the fail-
ure; and

storing the computed second prior probability in the single

combined model.

12. A method according to claim 11, wherein the prior
probability of each failure at a beginning of the mission is
calculated using a Mean Time Between Failure and a com-
ponent cumulative operation time before commencement of
the mission.

13. A non-transitory computer program product having
instructions encoded thereon that when executed by one or
more processors cause a process to be carried out, the process
for assessing performance of a vehicle system and a mission
involving the vehicle system, the process comprising:

receiving a single combined model describing a system

diagnosis model that describes symptoms, failures, and
link strengths (conditionals) of a component of the
vehicle system, and a mission impact model, the mission
impact model describing effects of the component of the
vehicle system on an ability of the vehicle system to
perform the mission;

receiving a sensor signal representing an operational state

of'the component of the vehicle system; and
generating probability data representing a probability of a
failure of the component affecting the ability of the
vehicle system to perform the mission by applying the
sensor signal to the single combined model; and

generating a control signal for controlling the vehicle sys-
tem based on the probability data.

14. Apparatus for assessing performance of a vehicle sys-
tem and a mission involving the vehicle system, the apparatus
including:

one or more memory devices comprising instructions; and

one or more processors configured to execute the instruc-

tions so as to cause a process to be carried out, the

process comprising:

receive a single combined model describing a system
diagnosis model that describes symptoms, failures,
and link strengths (conditionals) of a component of
the vehicle system, and a mission impact model, the
mission impact model describing effects of the com-
ponent of the vehicle system on an ability of the
vehicle system to perform the mission;

receive a sensor signal representing an operational state
of'a component of the vehicle system;

generate probability data representing a probability of a
failure of the component affecting the ability of the
vehicle system to perform the mission by applying the
sensor signal to the single combined model; and

generate a control signal for controlling the vehicle sys-
tem based on the probability data.
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15. Apparatus according to claim 14, wherein the gener-
ated probability data is used to assess performance of the
vehicle system and the mission, and a result of the assessment
leads to an action being performed, the action being selected

5 from a set including: an alarm being triggered; affecting a
control of the vehicle; switching to a backup system.

16. Apparatus according to claim 14, wherein the apparatus
comprises at least one of a sensor configured to generate the
sensor signal and part of a vehicle.

17. A non-transitory computer program product according
to claim 13, wherein the single combined model indicates if a
particular phase of the mission is aftfectable by at least one of
the failure of the component and a symptom of the compo-
nent.

18. A non-transitory computer program product according
to claim 13, wherein the single combined model further com-
prises a hierarchical model in which a top level represents the
mission, and wherein a level below the mission top level of
the hierarchical model represents at least one phase of the
mission, wherein successful performance of the at least one
phase aftects whether or not the mission is successfully per-
formed, and wherein a level below the at least one phase level
represents at least one capability of the system, wherein suc-
cessful provision of a said capability affects whether or not
the phase is successfully performed, and wherein a level
below the at least one capability level represents the compo-
nent of the system, wherein successful functioning of the
component affects whether or not a said capability is success-
fully provided, and wherein using the observation data in
combination with the combined model includes performing
inference to compute at least one of: posterior probability of
the mission failing, posterior probability of a said phase of the
mission failing; posterior probability of said capability fail-
ing, and posterior probability of a said component failing.

19. A non-transitory computer program product according
to claim 13, the process further including:

receiving diagnosis model data describing the symptoms,

the failures, and the link strengths (conditionals) of the

component;

receiving mission impact model data describing eftects of

the system on the ability to perform the mission; and
processing the receiving diagnosis model data and the mis-

sion impact model data to produce the single combined
model,;

wherein the single combined model is produced by com-

piling the system diagnosis model data and the mission

impact model data into an Arithmetic Circuit.

20. A non-transitory computer program product according
to claim 19, the process further including:

computing a first prior probability of each said failure at

commencement of the mission;

computing a second priori probability of the failure from

the commencement of the mission to a said phase that

the combined model indicates is affectable by the fail-
ure; and

storing the computed second prior probability in the single

combined model,;

wherein the prior probability of each failure at a beginning

of the mission is calculated using a Mean Time Between

Failure and a component cumulative operation time

before the commencement of the mission.
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